The aim of the study was to develop a yield prediction model using the non-parametric Most Similar Neighbour (MSN) reference method. The model is constructed on stand level but it contains information also on tree level. A 10-year projection period was used for the analysis of stand growth. First, the canonical correlation matrix was calculated for the whole study material using stand volumes at the beginning and at the end of the growth period as independent variables and stand characteristics as dependent variable. Secondly, similar neighbour estimates were searched from the data categories reclassifi ed according to thinnings. Due to this, it was possible to search for growth and yield series which is as accurate as possible both at the beginning and at the end of the growth period. The reliability of the MSN volume predictions was compared to the volumes predicted with the simultaneous yield model. The MSN approach was observed to be more reliable volume predictor than the traditional stand level yield prediction model both in thinned and unthinned stands.
Introduction
Stand level growth and yield predictions are traditionally based on stand yield tables, static regression models and growth simulators derived from re-measurement data. If the only stand characteristic of interest is the total stem volume of the stand, a straightforward stand yield prediction model with separate but simultaneously estimated static difference equations for different stand characteristics is a very good choice (e.g. Borders and Bailey 1986 , Borders 1989 , Pienaar and Harrison 1989 . Simultaneous estimation of separate prediction models guarantees that their relations remain logical even in the extremes of observations and in the case of extrapolations. The dis-advantage is the loss of information on structural stand characteristics, even if the mean stand characteristics are predicted accurately. A traditional alternative for the difference equation approach is a separate prediction of static relation models for the development of stand mean characteristics over age (see e.g. Clutter et al. 1983) .
More information about the size distribution of trees is obtained when the growth model is structured on the development of diameter or basal area distribution (e.g. Borders and Patterson 1990, Maltamo and Kangas 1998) . When changes in stand structure are analysed on the tree level, one alternative is to use single tree growth or diameter transition models (e.g. Pukkala 1989 , Kolström 1992 , Hynynen 1995 .
Non-parametric methods are an alternative for the traditional approaches based on regression models for stand characteristics. Non-parametric methods predict the value of the variable in question as a weighted average of the values of neighbouring observations, the neighbours being defi ned with the predicting variables (e.g. Härdle 1989 , Altman 1992 . The chosen neighbours are selected from a database of previously measured observations.
Non-parametric methods such as the k-nearest neighbour, Most Similar Neighbour (MSN), kernel and grid have been utilised in several forestry applications (Holm et al. 1979 , Kilkki and Päivinen 1987 , Kangas and Korhonen 1995 , Moeur and Stage 1995 , Korhonen and Kangas 1997 , Tommola et al. 1999 . These studies include, for example, the generalisations of sample tree information, estimation of characteristics of a marked stand and applications of multisource and multivariate forest inventories. Applications considering the smoothing and prediction of diameter distributions have also been presented with different non-parametric methods (Droessler and Burk 1989 , Haara et al. 1997 , Maltamo and Kangas 1998 , Maltamo and Uuttera 1998 , Niggemeyer and Schmidt 1999 .
The advantages of non-parametric methods are that they retain the full range of variation of the data as well as the covariance structure of the population (Moeur and Stage 1995) . Because estimates are chosen directly among actual samples, no unrealistic predictions can occur. Furthermore, the estimates for the characteristics to be predicted are obtained in all situations where at least some measurements are available (e.g. Haara et al. 1997) .
A disadvantage of non-parametric methods is the requirement for reference material also in the application phase. Moreover, it is not guaranteed that non-parametric regression estimates are unbiased (Altman 1992) . However, if a priori information such as forest type classifi cation is available, the bias of the sub-area estimation can be reduced and more representative neighbours can be chosen (Tokola 2000) .
The most frequently applied non-parametric method is the k-nearest neighbour method. In this method, the estimator uses a neighbourhood consisting of a constant (k) number of observations, but the width of the neighbourhood may vary. When applying the k-nearest neighbour method, the form of a distance measure must be specifi ed to defi ne the neighbourhood of a given point (e.g. Korhonen and Kangas 1997) . The distance function used can, for example, be based on the differences of mean stand characteristics. A closely related method to the basic k-nearest neighbour regression is the most similar neighbour (MSN) reference (Moeur and Stage 1995, Moeur and Riemann Hershey 1999) . In this case the coeffi cients of the variables in the distance function are searched using canonical correlation. The benefi t of the MSN method is that all possible independent (stand mean characteristics etc.) and dependent (stand variables of interest) information can be used in the calculation of canonical correlation. The enormous number of iterations in the search for nearest neighbours can also be avoided. However, as an disadvantage of the MSN reference, a linear correlation between dependent and independent variables is assumed (Moeur and Stage 1995) .
In the k-nearest (similar) neighbour methods the number of nearest neighbours must also be defi ned. The larger the number of chosen neighbours is, the more average the results are (Altman 1992) . The bias of the k-nearest neighbour estimator can be reduced using weighted averages, which are defi ned using weights, expressed as a function of distance (Altman 1992) .
The aim of this study is to develop a yield prediction model for Pinus kesiya (Royle ex Gordon) using the MSN regression. The principle of the model is that all information on tree tally during a growth period is directly obtained from nearest neighbour estimates. The results obtained with the MSN reference are compared to the system of simultaneously estimated difference equations.
Material and Methods

Data
P. kesiya is the most important commercial plantation species of Zambia (e.g. Armitage and Burley 1980) . Most of Zambian P. kesiya plantations are located on the Copperbelt region (Saramäki 1992). In 1999, there were approximately 26 000 hectares of planted P. kesiya that is nearly half of the total area under commercial plantations in Zambia (Sekeli and Phiri 1999) . In terms of the planted net area on P. kesiya the most important country in the world is Madagascar, while Zambia is the second.
In the African forest plantations, P. kesiya has been grown for sawn timber, poles, pulpwood but also for the production of fi rewood and resin (Mbuya et al. 1994) . In southeastern Africa , the rotation period for the sawn timber production of P. kesiya varies between 30 and 50 years.
The study data were collected from Permanent Sample Plots (PSP) from the forest plantations of Chati and Ndola Hill in the Copperbelt region (about 13°S, 28°E, 1200-1300 m a.s.l.). All stands of the data were managed. The data consisted of trials measured from stands with two different initial planting densities. A total of 140 circular sample plots were measured from stands with a density of 1328 trees per hectare (spacing: 2.74 m). Only two trials were measured from stands with a planting density of 1076 trees per hectare (spacing: 3.05 m). For the planting densities of 1328 and 1076 trees per hectare the number of planting spots per sample plot was 52 and 44, respectively. Therefore, the computational plot size was about 400 m 2 for the sample plots of both planting densities.
According to the measuring instructions for the sample plot assessments (Systems of measurements … 1969), all diameters (mm) at the breast height of living trees and heights (dm) of sample trees were measured. At least one tree per one centimetre diameter class was selected as a height sample tree. For the calculations of tree and stand volumes, heights were needed for all trees. The height development trends of sample trees were generalised for the rest of the trees using a mixed height prediction model with a treewise calibration component (Eerikäinen 1999) . Parameters of the height model were determined for all plots separately.
Data Preparation
The stand dominant height (dm) was defi ned in each of the assessments as the mean height of the 100 largest trees per hectare, according to diameter at breast height. Total stand volumes were calculated by predicting stem volumes for all trees on the plot list. Stem volumes over bark were obtained using the volume function of Eerikäinen (2001) for P. kesiya in Zambia, Tanzania and Zimbabwe.
To get as comparable as possible growth periods for the application of the MSN reference, the PSP data were restricted so that a growth period of only about 10 years was available for each sample plot. The age of the tree stock varied from 7.4 to 9.9 years at the beginning of the growth period ( Table 1) . The chosen 142 sample plots were measured 3 to 5 times during the growth period resulting a total of 474 growth periods.
Although the PSP data included thinned sample plots, the rate and timing of thinnings were not registered. Therefore the PSP data were reclassifi ed into three categories according to the timing and intensity of thinnings. If the decrease in the number of stems between the successive measurements was greater than 15 percent the reduction was treated as a thinning. Otherwise the decrease was understood to be a sign of natural mortality, i.e. self-thinning. The timing of the thinnings was also taken into account in the grouping of the data. The sample plots, which were thinned during the fi rst half of the 10 year period, were separated from trials thinned during the latter 5 year period. The fi rst thinning category was for the data with no thinnings. The second category was for the PSPs that were thinned during the fi rst 5 year growth period. If the trial was thinned during the Table 1 . Mean stand characteristics of the Permanent Sample Plot data (n = 142) at the beginning and at the end of the growth period. second 5 year growth period, or in both periods, it was classifi ed into the third thinning category.
Growth and Yield Modeling
The MSN Reference Method
The growth and yield model is based on the MSN reference, where the k-most similar sample plots are used for predicting the growth series for a ten year period. The growth series includes full description of tree stock, i.e. diameter distribution, tree heights, mortality and thinnings. The same principles that were used in the study by Moeur and Stage (1995) were also applied in this study. The MSN reference is based on canonical correlation between independent and dependent variables. However, the number of neighbours is also included in the calculations.
The independent stand variables used in the calculation of canonical correlations include number of stems per hectare, stand age and dominant height at the beginning of the growth period and site index, i.e. dominant height predicted at the index age of 18 years. In addition, the effect of stand basal area at the beginning of the growth period as independent variable was also examined. The stand volume both at the beginning and at the end of the growth period were chosen as the dependent variables. The usage of both volumes was based on the requirement that the constructed growth and yield series should be as accurate as possible for the volume both at the beginning and at the end of the growth period. The independent and dependent variables were standardised, i.e. by subtracting the mean of the variable and dividing it by the standard deviation of the variable, to prevent the unit of measurement from infl uencing the distance.
When calculating the MSN estimates, the target sample plot is the one for which the nearest neighbour estimates are calculated. Each sample plot, in turn, is used as the target sample plot and the target sample plot is temporarily excluded from the reference sample plots. The number of reference stands (k) varied from 1 to 15 in the calculations. The estimates were calculated especially for thinning categories, which were reclassifi ed using a priori information, but also for all of the study material.
In the MSN reference, the most similar neighbours to the target sample plot u are chosen from the reference sample plots, for which (
is minimised over all j = 1,…,n reference sample plots, where Ŷ u is a row vector of the unknown variables of the target sample plot, Y j is a row vector of the observed variables of the reference sample plots and W is a weighting matrix. In applications the relation of unknown and observed variables is not known. Therefore, the corresponding relation of independent variables, which are known both in the target and reference sample plots, is used. According to Moeur and Stage (1995) , the canonical correlation analysis is used in the calculation of the weighting matrix in the distance function by summarising the relationships between dependent (Y) and independent (X) variables simultaneously.
When using the canonical correlation analysis, linear transformations U r and V r are formed from the set of dependent and independent variables such that the correlation between them is maximised:
where α r and γ r are canonical coeffi cients of the dependent and independent variables (r = 1,…,s). There are s possible pairs of canonical variates (U r and V r ) as the results of the analysis, where s is either the number of dependent or independent variables, depending on which is smaller (Moeur and Stage 1995) . In our study, the number of dependent variables is most often two, whereas the number of independent variables is usually at least four, i.e. s = 2. Canonical variates are ordered in such a way that canonical correlation between them is the largest for the fi rst variate (U 1 ,V 1 ). Thus, the predictive relationship between original variables is concentrated in the fi rst few canonical variates (Moeur and Stage 1995) . The calculation of canonical correlation was done using IMSL library. In our study, the distance was measured using the Mahalanobis distance formula:
where X u are independent variables of the target sample plot, X j are independent variables of reference sample plots, Γ is the matrix of canonical coeffi cients of the independent variables, and Λ 2 is the diagonal matrix of squared canonical correlations.
The fi nal estimate (ẑ u ) for the growth and yield series of sample plot u was calculated as the weighted average of the growth and yield series of reference sample plots (z j ):
The test criteria used in the comparison of different model forms and number of neighbours were Root Mean Square Error (RMSE) and bias of predicted stand volumes. The RMSE of predicted stand volumes was:
where n is the number of sample plots, V i is the true volume of sample plot i and V i is the volume of sample plot i estimated from the predicted distribution. The bias of the predicted volumes was calculated with the formula:
The relative RMSE and bias of the volume estimate were calculated by dividing the absolute RMSE by the true mean volume V of the stands.
Projection Models
The reliability of the MSN method as a total stand volume predictor was analysed by comparing it to a simultaneous stand level yield model. Since both of these methods are based on projections of stand characteristics at the end of the growth period, the system of simultaneous difference equations by Pienaar and Harrison (1989) was chosen as a reference method for the MSN (see also Miina et al. 1999) . If an estimated parameter of the simultaneous yield model by Pienaar and Harrison (1989) was not signifi cant, then it was removed from the fi nal model, which is as follows: Table 1 . In this study, site indexes, i.e. dominant heights at the index age of 18 years, were obtained with Equation 6 (see Table 1 ). The stand age, dominant height and number of stems per hectare at the beginning of the growth period were assumed to be measured stand characteristics. Parameters of the above system of equations were estimated with the data set that included only the growth intervals with no thinnings. Altogether 322 unthinned growth periods of 142 sample plots were used, i.e. 152 growth periods were removed from the modelling data (Table 2) .
The simultaneous yield model of this study (Equations 6-10) is a system of chained equations where predicted variables of equations are used as independent variables of subsequent equations. Thus, the independent and individually distributed error terms of individual equations were assumed to be contemporaneously correlated and the Three-Stage Least Squares (3SLS) estimator was used in the estimation of parameters (Zellner and Theil 1962, Borders and Bailey 1986) . Parameters of Equations 6−10 were estimated simultaneously with the Nonlinear Three Stages Least Squares (N3SLS) regression of the Procedure Model in SAS (SAS Institute Inc. 1993). Table 2 . Stand characteristics of 322 growth periods with no thinnings at 142 permanent sample plots used in the modelling of the simultaneous yield model (Equations 6-10). 
Results
Effect of Independent Variables and Number of Neighbours in the MSN Method
The stand volume at the end of the growth period correlates strongest with basal area and projected site index (Table 3 ). The reason for good correlation for site index is that it is only stand variable on which thinnings do not have direct effects. Number of stems per hectare is the only stand characteristics where the correlation with the stand volume is stronger at the end of the growth period than at the beginning of the growth period. The accuracy of predicted stand volume varies according to the chosen number of neighbours (Fig. 1) . However, if more than four neighbours are used the change in the accuracy of predictions is minor. On average, the accuracy of stand volume prediction produced by the MSN reference after the growth period is over 18% and at the beginning of growth period about 12%. When the biases are considered all fi gures are minor and increasing number of chosen neighbour does not decrease the residual means of predicted stand volumes (Fig. 2) . Furthermore, the biases of predicted stand volumes both at the beginning and at the end of growth period have relatively similar trends (Fig. 2) .
In the fi nal model validation, different numbers of neighbours were used for different thinning categories. The selection of number of neighbours was based on the accuracy of predicted stand volumes after the growth period. In this study, the optimal numbers of neighbours for thinning categories 0, 1 and 2 were 10, 8 and 14, respectively (Table 5 ). The most accurate results were obtained for unthinned category, whereas the poorest results for the third thinning category, where the sample plot was thinned during the second 5 year growth period, or in both periods.
When stand basal area was included as independent variable in the MSN reference the RMSE of predicted stand volumes decreased slightly at the end of the growth period being in minimum Table 3 . Correlation matrix between independent and dependent variables. about 16% and notably at the beginning of the growth period being in minimum less than 5%. Some calculations were also carried out where no reclassifi cation according to thinning were done in the search of the nearest neighbours. In this case the accuracy was considerably lower, the RMSE being over 25% at the end of the growth period. Therefore, it seems that the use of the reclassifi cation of data based on thinning information is very important in the construction of the MSN-based yield prediction.
Growth Projections with the MSN Reference Method
Examples of the MSN based growth and yield series are presented in Figs. 3 and 4. Both examples are determined for the according to thinnings reclassifi ed material using 5 neighbours. The development of the thinned reference sample plots indicates that the effect of thinning can be described by the MSN estimate (Fig. 3) . However, the timing of the thinning of two of the reference sample plots is not quite correct. The number of stems in these two reference sample plots are higher than in the other plots during most of the growth periods. In the case of unthinned sample plots, the MSN values are slight underestimates (Fig. 4) . There seems to be quite a high variation, especially between the number of stems in the reference sample plots.
Parameter Estimates and the Reliability of the Simultaneous Yield Model
All the estimated parameters of the simultaneous yield model (Equations 6-10) were statistically signifi cant (Table 4 ). The adjusted degrees of determination for Equations 6-10 were also very high, i.e. 0.9036, 0.8127, 0.8962, 0.9965, and 0.9941, respectively. Estimates for the residual standard deviations of Equations 6-10 were 1.1853, 0.1100, 0.0695, 0.0241 and 0.0244, respectively. For the bias correction of Equation (10), half of the estimated error variance of the model (0.0244 2 / 2 ≅ 0.0003) was added to it before its back-transformation, as suggested by Baskerville (1972) . Aiming at the comparability between the predicted stand volumes of MSN reference and the simultaneous yield model, MSN reference based estimates of the number of stems at the end of the growth period were used as independent variables in Equations 8 and 10. When the yield projection model was tested as the predictor of the total stand volume at the end of the growth period, it seemed to perform quite well in all of the thinning categories (Table 5) . However, the RMSEs of predicted volumes were higher when obtained for the simultaneous yield model than for the MSN reference. The relative RMSE was 24.8% when determined for the whole sample plot data, and varied between 19.5-29.0% when calculated separately for the three thinning categories (Table 5 ). The highest absolute RMSE estimates were obtained for thinning group 0, and the highest relative values of bias for the sample plots of thinning group 2. However, the relative biases were less than the half of the corresponding RMSEs when they were analysed against all of the thinning groups and for the combined sample plot data.
Discussion
The aim of this study was to build a yield prediction model using the non-parametric MSN reference. The use of MSN reference offers some improvements when compared to k-nearest neighbour regression. The effect and amount of varying independent and dependent variables can be examined easily and quickly. More weight can be given to stand volume or to other stand characteristics, which may then improve the description of stand structure. Using the canonical correlation matrix of chosen variables in the calculations of fi nal estimates guarantees that optimal solutions are found. The simultaneous yield model (Equations 6-10, Table 4) for the prediction of stand dominant height, basal area and total stand volume was the same as presented by Pienaar and Harrison (1989) . All the stands of the study were thinned at least once before the fi rst measurement. On the other hand, the rather low initial planting densities made it possible to assume that the self-thinning effect only occurred in unthinned and mature stands. Due to this, no prediction models for the mortality were determined and the estimates of the number of stems at the end of growth period were obtained from MSN reference in the application of the yield model. This may affect the accuracy of volume predictions of the simultaneous yield model. However, estimates of the number of stems at the end of growth period were needed and no earlier developed suitable self-thinning models for P. kesiya were available.
The simultaneous yield model was estimated with the data that included only the growth intervals with no thinnings. Therefore, the volume Surprisingly, the differencies between these two models were largest in unthinned stands. This may be due to the fact that the variation of stand structure in unthinned stands is highest. In more general, it is very simple to determine the total stem volumes with the system of Equations 6-10. However, if more information than the stand volume, basal area and dominant height is needed, more models must be constructed. The MSN method provides and contains all the measured information of neighbour stands until the end of analysis. In this study, the MSN method as a growth predictor was only analysed at the stand level. However, using a database of the diameter and height distributions of the Most Similar Neighbours it is possible to determine tree characteristics for different proportions of diameter distribution, size classes of trees or even single trees.
The presented non-parametric method offers good opportunities to build growth and yield series. The best accuracy obtained was about 18% in the RMSE of stand volume after a 10 year growth period. This result can be considered quite good. The presented method includes a realistic description of the development of tree stock both at tree and stand levels including also thinnings and mortality. The restrictions of the study material, i.e. the lack of the timing and rate of thinnings, had a strong effect on the application constructed. With more detailed and precisely collected material these restrictions could have been avoided and more realistic simulations obtained.
The reclassifi cation of sample plots according to thinnings improved the results at the end of the growth period considerably. Classifi cation helps to choose reference sample plots more logically. Because the study material did not include information about the timing and rate of thinnings, the timing of thinnings was unambiguously determined only in a few classes. If the study material had included more detailed information about thinnings and other possible treatments the problem of how to consider thinnings in simulations could have been taken into consideration more effectively.
The growth period used was about 10 years. The sample plots were measured rather irregularly and therefore it was not possible to achieve an exact temporal determination, i.e. the length, start and end, of the growth period. If there had been material available with the accurate dating of measurements and varying periods the data could have been reclassifi ed according to the length of the growth period. Then it would also have been possible to construct growth and yield series for different durations of the growth periods. In conditions, where long and regularly measured time series exist, the presented MSN method has very promising and potential applicability.
When applying MSN reference the required minimum number of reference observations available should also be taken into consideration. No exact general fi gures can be presented, because the amount of reference observations is dependent e.g. on variation and locality of the data. In the study by Muinonen et al. ( In press) about 60 compartments seemed to be enough in the case of interpretation of digitised aerial photographs. In our study, the amount of sample plots was 142 and it included different thinning categories. In minimum, the number of sample plots was only 25 in unthinned category. If there had been more observations, it would have been possible to construct completely separate models for each category, i.e. calculate canonical correlation and optimise the number of dependent and independent variables in each category.
In this study, the achieved improvement of yield predictions was two-fold when additional measurement of stand basal area at the beginning of growth period was examined. The stand basal area improved the prediction of stand volume considerably at the beginning of the growth period and slightly at the end of the growth period. These results are in line with the study of Maltamo and Mabvurira (1999) where static diameter distributions were predicted using varying information. However, no other calculations using stand basal area were done, because it is normally not included in measurements of forest inventory in Zambian conditions.
One feature of the applied method is that estimates can consist of exceptional observations. This can be seen in Figs. 3 and 4 , where the variation in the number of stems was quite high. If the correspondent variable has not been taken into account as a dependent variable in the calculation of canonical correlation, there is no guarantee that all chosen reference sample plots are as accurate as possible in relation to this variable. However, the effect of different neighbours is mostly revealed in the fi nal weighted average estimate. If there had been more characteristics available for use in the description of the stand structure, the calculation of canonical correlation and choice of reference sample plots would have been more reliable. However, then the stand volume predictions achieved would probably have been more inaccurate.
When the forest manager has access to a database of previously measured permanent sample plots from the area in question including different thinning regimes, it is recommendable to apply the MSN method presented for the construction of the local yield prediction model. In addition, the current forest inventory has normally been carried out, and some mean stand characteristics have been measured from stands with varying ages and growing conditions. Using this information, the forest manager can analyse different rotation ages and the effects of different thinning regimes, aiming at the development of stand management practices. The target of all forest planning is to fi nd as optimal a management programme for the given stands of a certain forest area as possible. With the method presented it is possible to base the planning and management of forest plantations effectively on the observed growth fi gures and existing yield records.
